A good process understanding is the foundation for process optimization, process monitoring, end-point detection, and estimation of the end-product quality. Performing good process measurements and the construction of process models will contribute to a better process understanding. To im prove the process knowledge it is common to build process models. These models are often based on rst principles such as kinetic rates or mass balances. These types of models are also known as hard or white models. White models are characterized by being generally applicable but often having only a reasonable t to real process data. Other commonly used types of models are empirical or black-box models such as regression and neural nets. Black-box models are characterized by having a good data t but they lack a chemically meaningful model interpretation. Alternative models are grey m odels, which are com binations of white m odels and black models. The aim of a grey model is to combine the advantages of both black-box models and white models. In a qualitative case study of monitoring industrial batches using near-infrared (NIR) spectroscopy, it is shown that grey models are a good tool for detecting batch-to-batch variations and an excellen t tool for process diagnosis compared to common spectroscopic monitoring tools.
ticle size distribution) of the reaction mixture. This provides a new opportunity for process understanding, m onitoring, and control at a level previously not possible with standard temperatures and pressures: process analysis at a chemical level. Common examples of successful applications of on-line spectroscopy in the process industries are the on-line analysis of alkane gas m ixtures, 1 the online analyses of the blend homogeneity, 2 end-point detection, 3 the characterization of batch reactions, 4 and the statistical monitoring of batch processes. 5, 6 In the eld of spectroscopy, the use of empirical modeling techniques such as principal component analysis (PC A), multivariate linear regression (M LR), or projection to latent structures (PLS) are comm on tools to achieve the desired purposes such as process monitoring or end-product quality prediction. 7 These tools generate empirical or black-box models. Such models t the data properly, but cannot be generalized to different situations and do not always generate process insight. White models (models based on rst principles), on the other hand, do provide insight and are m ore general. However, white models do not t the process data that well and are not able to explain batch-to-batch differences. Grey (hybrid) models try to combine the advantages of black and white models. A special advantage of grey models is the ability to include known external information, e.g., fundamental knowledge of the process at laboratory scale. The grey model ts the process data using the external information as constraints on the model parameters. In this way fundamental knowledge and empirical m odels are combined. The combination of external process information with empirical m odels has shown many successful applications. Examples include estimating the kinetic constants from spectroscopic m easurements, 8 exploring for unknown kinetic m echanisms, 9 obtaining an improved process understanding, and curve resolution. 10 -14 For a m ore detailed discussion of grey models, see Gurden et al. 10 The aim of this study is twofold: rst, to show how a grey model is constructed using in-line industrial nearinfrared (NIR) spectroscopic measurem ents from production batches; and secondly, to give a qualitative performance of the grey m odel compared to comm only used spectroscopic tools in testing of the batch-to-batch consistency.
The outline of this article is as follows: an introduction is given in the rst section. The second section, Theory, gives a short description of the theory used in this study. The Experimental section discusses the instrumentation and the process of interest. The results are presented and discussed in the fourth section, and nally, in the fth section conclusions are drawn.
TH EORY
Notation. M atrices are denoted as boldface uppercase characters and vectors by boldface lowercase characters. Italic characters denote scalars. Each batch run is arranged as a series of I time-resolved spectra subsequently measured at regular time intervals, each at J subsequent wavelengths, giving a matrix X (I 3 J ).
Structure of the In-Line Spectroscopic Batch-W ise Near-Infrared Data. It is assumed that the Lambert-Beer law holds, that is, there is a linear additive contribution of the R pure chemical compounds to the response spectra. For a single batch run, this is given by:
where X (I 3 J ) are the measured spectra of I subsequent time intervals at J wavelengths, c r (I 3 1) is a vector consisting of the concentration pro le for compound r, and s r (J 3 1) is the corresponding normalized pure compound spectrum. The m atrix E consists of nonsystematic variation such as noise. Visualization of Process Spectra. M easured process spectra contain a large amount of chemical information about the process. However, extracting this information is sometimes dif cult since an overload of process spectra is easily obtained due to the nature of the technique. There are several possibilities for extracting the relevant chemical inform ation from the spectra. Some of these are discussed in the following.
Wavelength Tracking . A simple way of looking at timeresolved process NIR spectra is to use prior process information such as the knowledge of the major compounds present in the reaction, along with knowledge of the pure spectra of these compounds, which may be found in the literature. Speci c compound information relating to concentration changes is obtained by monitoring the response of a selective band corresponding to a chemical compound as a function of batch process time. However, with many types of spectroscopy it is not always possible to monitor the compounds of interest individually since there is a lack of selectivity. NIR spectroscopy, for example, often consists of broad and overlapping peaks, which means that each compound will probably not have a selective peak. Another disadvantage of this strategy is that only a small fraction of the available information present in the spectra is used, e.g., an unknown interferent that shows up in a particular batch run absorbing at a wavelength not selected will go unnoticed.
Range Charts and Change Charts . To obtain a general idea about the evolution of an individual batch run given the m easured spectra, process-m onitoring charts such as range or change charts can be used. 11 The range chart (RC ) shows the difference between two successive spectra in time, pair wise taken at each individual wavelength j and summ arized over all J wavelengths:
where x ij is absorbance measured at the ith step in time at wavelength j. Instantaneous changes are captured by this control chart.
The average change (AC ) chart can be thought of as a moving average with a window of 2. That is, the average contribution of a window of two subsequent time intervals at wavelength j is summ ed over J wavelengths. The AC chart is more likely to capture trends in the process because fast deviations are averaged out. The AC i is given as a function of time by:
Both charts present the evolution of the batch process by a single value in time; however, the information presented is rather general since it does not provide a direct insight into speci c chemical compounds in the process. Black Model: Principal Component Analysis (PCA) . A popular tool for analyzing spectroscopic process data is principal component analysis 12 (PCA). PCA is an empirical method where the measured spectra X are decomposed into three matrices, the score matrix T (I 3 R), the loading matrix P(J 3 R), and the residual matrix E (I 3 J ), where R is the number of com ponents. PCA solves the following problem:
with the restrictions that T T T is diagonal and P T P equals I (identity). The score matrix T captures the systematic variation in time. The loading matrix P captures systematic inform ation in the spectral direction, and the residual matrix E consists of unmodeled variation. By plotting the scores as a function of time, the evolution of the process can be followed. Grey Model. The aim of a grey model is to have a process m odel from which the model parameters have a direct chemical or physical meaning. This is achieved by incorporating known chemical or other process knowledge into an empirical model. In the present study the empirical m odel is given by:
where X (I 3 J ) are the m easured spectra with J wavelengths during I obser vations, C(I 3 R) are the temporal pro les of the R chemical compounds, and B(J 3 R) consists of the spectral pro les. The unmodeled variation is given in m atrix E (I 3 J ). The model given in Eq. 5 is a bilinear model. External process information m ay be available that has chemical or physical signi cance, e.g., non-negativity of concentra tion pro les. Som etim es, there is prior knowledge about the process kinetics or pure compound spectra. 8 The model of Eq. 5 also underlies curve resolution m ethods. 13, 14 There are different ways to estimate the param eters of Eq. 5 under restrictions. A versatile way of estimating is alternating least squares. [15] [16] [17] Therefore, the parameters of Eq. 5 are estimated using alternating least squares with restrictions.
In the present modeling problem, which is the modeling of a full-scale batch process, the spectral data matrix X is decomposed into three matrices: one that summarizes the time invariant factors in the data (e.g., pure chemical compound spectra), one that summarizes the time variant factors in the data (e.g., concentration proles of the chemical compounds), and one that represents the unmodeled variation. 18, 19 For the current modeling problem another comm on factor is introduced: the scale invariant factor. The scale invariant factor has identical pro les for both the laboratory-scale process and the fullscale process. With this scale invariant factor, it is possible to incorporate laboratory-scale knowledge into the full-scale model. In the current modeling problem it is assum ed that the time invariant and the scale invariant factors are identical: they are the pure compound spectra.
As stated before, a grey m odel consists of a white 
EXPERIMENTAL
Process Description. The process of making a urethane resin is a m ulti-stage fed-batch process. In this study, only the rst stage is of interest. The m ain reaction in the rst stage is given by:
where a di-isocyanate reacts with an alcohol to a urethane resin with an extra NCO group for further OH addition in subsequent steps. The operation of this rst stage is divided into three steps. The rst step, after cleaning and purging the tank with N 2 , is lling the tank with a di-isocyanate. In the second step a second reactant (alcohol) is added dropwise and the reaction starts. The third step is the part of the process where all the di-isocyanate has reacted and reaction m ixture is kept at a constant temperature. This process is non-isothermal, and it is operated according to a prede ned change in temperature. All reactants are added in precisely known stoichiometric ratios. Furtherm ore, it is known that a side reaction occurs. The alcohol reacts with the urethane to form an undesired side product coupling to the second NCO group.
Instrumentation. The full-scale process spectra are obtained using an in-line FOSS NIR SYSTEM S spectrometer with a 2 nm resolution and a trans ection probe with a 2 3 2 m m path length in the range of 1100 to 2500 nm. The laboratory-scale compound spectra are obtained using a Perkin-Elmer FT-NIR spectrometer with a 2 nm resolution and a 2 mm path length in the range of 1200 to 2500 nm .
Band Assignment and Band Selection. From the literature 20, 21 it is known that the di-isocyanate (NCO ; 1920 nm), the alcohol (OH ; 1398-1421 nm), and the product (NH ; 1485-1503 nm) are spectroscopically active in the near infrared range (1100 -2500 nm). Furthermore, it is known that the m onitored reaction is exothermal and that a prede ned temperature gradient exists. The functional groups present in the compounds are shape sensitive for temperature changes. This is not desired since the pure compound spectra are considered as time invariant factors. Therefore, selection of spectral bands is made in such a way that the bands are not too much affected by temperature changes and consist of suf cient chemical process information. The selected range is validated by laboratory experiments. That is, pure compound spectra of di-isocyanate and alcohol were measured at different temperatures. Based on the observed changes in the measured spectra, a wavelength selection was made compromising between temperature effects and chemical compound information. Figure 1 shows the second derivative spectra and the wavelength range selected for a single batch run. The wavelength ranges corresponding to the functional groups (NCO, OH, and NH) present in the system are highlighted by circles.
Sampling. A total of 18 batches is available (N 5 18). For every batch run n (n 5 1, . . . , N ), the selected J wavelengths (see Fig. 1 ) obtained at observation i are stacked in a matrix X n (I n 3 J ). Note that each batch run n has a different number of total sampled spectra I n . The collected spectra have a baseline offset that is removed by the use of second-derivative spectra estimated using a Savitzky-Golay lter. 22 The window size is determined by computing the second derivative using windows with a different number of channels. Visual inspection showed that the best results were obtained using a window of 21 channels and a second-order polynomial.
RESULTS AND DISCUSSION
This section is divided in two subsections. In the rst subsection, the construction of the grey m odel is dis-cussed in detail. The second subsection presents and discusses the results of the qualitative monitoring performance of batch-to-batch consistency of the approaches suggested previously in the Theory section.
Construction of the Grey Model. The rst step in constructing a grey model is collecting the available (white) process knowledge. With respect to the process knowledge, the following is known: in the rst step, only di-isocyanate is present in the reactor. In the second step, alcohol is added and the reaction starts. The third step is a transition from the second step where all di-isocyanate and alcohol has reacted and only a m ixture of the product and a particular amount of the undesired side-product are present in the reactor.
With the present knowledge, it is possible to obtain estimates of the pure di-isocyanate spectrum and the endmixture spectra under process conditions. The estimations are done according to a selective window approach. 23 For di-isocyanate, the spectra corresponding to the rst step for all batch runs are collected. These spectra correspond to di-isocyanate under process conditions. The collected spectra are stacked in a matrix. To assure that only di-isocyanate is present in the data, a rank analysis is performed. A rank-one matrix is found. This suggests that no interferents are present and the average spectrum of the collected spectra can be used as the pure compound spectrum of di-isocyanate. To obtain the endmixture spectrum, a similar procedure is followed. That is, a rank analysis is applied to data corresponding to the third step of the process. A rank-one matrix is found, implying that only one component is present in the data. Since end-mixture spectra are used from different batch runs, it suggests that the ratio between the end product and undesired product is constant for the different batches.
At this point in the analysis, two estimated spectra are available: the pure spectrum of di-isocyanate and the product mixture spectrum. Both estimates are based on process knowledge. The pure compound spectrum of the alcohol is unknown from the process. However, this information can be obtained from laboratory experiments. In order to use laboratory-scale information, it is interesting to know whether laboratory measurem ents correspond to m easurements obtained from the full-scale process. Therefore, spectral information of di-isocyanate is also obtained from laboratory measurements. This is shown in Fig. 2 . The spectrum of di-isocyanate obtained under process conditions and the spectrum obtained under laboratory conditions are given in Fig. 2a . The difference spectrum is given in Fig. 2b . There are only m inor differences between the full-scale m easurements and laboratory measurem ents, implying that the spectra are reasonably scale invariant. In spite of the different measurement conditions such as a different probe, spectrometer, and path length, the spectra obtained are similar in shape. They differ in intensity due to path length differences. These differences, however, are captured in the concentration pro les.
From the obtained results it seems reasonable to use the laboratory-scale spectrum of alcohol in the grey model.
Incorporation of External White Information into the Model. The collected white knowledge discussed in the previous section is incorporated as constraints into the bilinear m odel given in Eq. 5. This gives the following problem to be solved: is a restricted least-squares problem and is solved with B fully restricted to equal the pure compound spectra and non-negativity imposed on the C pro les. 24 M oreover, having matrix B fully speci ed in the least-squares algorithm will result in a unique solution for the model parameters as shown in the Appendix. Modeling a Single Batch Run . The analysis starts with a single batch run under normal operating conditions (NOC), which is m odeled using the grey model in Eq. 6. The total variation present in the data X is represented as 100% of the total sum-of-squares (SS ). The performance of the model is judged by the amount of explained variation of the total variation and is computed by:
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The m odel captures 99.65% of the total sum-of-squares of the measured process spectra X. The compound pro-les found for the relative concentrations are given in Fig. 3 . The circles m ark the time of the start of alcohol addition (time 5 10, arbitrary units) and the end of alcohol addition (time 5 59), which corresponds with the process operator log.
The estimated pro les give a clear view of the chemistry in the rst stage of the process. During the rst stage only di-isocynate is present in the reactor. During addition of the alcohol (time 5 10 -58), a decrease is observed for di-isocyanate and the formation of the product is obser ved. The product is form ed until all di-isocyanate has reacted (time 5 66). Furthermore, the middle graph of Fig. 3 shows the behavior of the alcohol during the reaction, that is, the introduction of the alcohol at time 5 10 and the stop of alcohol addition after time 5 58. The dosing of the alcohol is an important procedure in the process. It is therefore satisfactory that the obtained alcohol pro les correspond to the process operator log.
It is expected that the observed pro les are in uenced by addition of the alcohol; they re ect not only pure chemistry but also the technological operation of the process. Hence, the concentration pro les are affected by: (1) the process kinetics, (2) dilution phenomena due to the addition of the alcohol, (3) volume expansion due to increasing temperature, and (4) diffusion and mixing phenomena. Since the probe is located at the bottom of the reactor, a small delay is expected in observing new phenomena in the process.
Mathematical Model Robustness . In this subsection an impression is obtained about the in uence of the spectral variation on the resolved concentration pro les. It is important to realize that the robustness applies to the statistical variability of the model param eters. Rotational ambiguity is not a problem since the model param eters can be estimated uniquely (see above). The estimations of the pure compound spectra are based on spectra collected from the 18 historical batch runs. From these, two spectral data sets were generated to estimate the pure compound spectra, the rst data set with di-isocyanate spectra and the second data set with the product m ixture spectra. By assuming that each individual spectrum is an estimation of the pure compound spectrum, and using each spectrum as a restriction in the grey model, a series of models is computed and an impression is obtained of the concentration pro le variation caused by the estimation error in the di-isocyanate spectrum and product mixture spectrum. For this purpose, one batch is selected and is modeled repeatedly according to the following resampling procedure:
(1) The rst individual di-isocyanate spectrum of the data set, together with the average end-mixture spectrum and laboratory-measured alcohol spectrum is used to estimate the di-isocyanate pro le in time. (2) Repeat step (1) for the second individual spectrum of di-isocyanate.
Step (2) is repeated until all individual estimated pure diisocyanate spectra (30 in total) are used. Note that this is a worst-case scenario because the proles in the grey m odel are obtained using the average spectrum, which is always more stable than an individual spectrum. A similar procedure is used for the product mixture spectrum.
The obtained concentration pro les are given in Figs. 4a and 4b. Figure 4a shows that the variation present in the various di-isocyanate spectra in uences the di-isocyanate concentration pro les in the start of the process. Furthermore, it is shown that the time pro les of the alcohol and the product are not much in uenced by deviations in the di-isocyanate spectrum. Figure 4b shows the time pro les obtained for different end-mixture spectra. From this it can be seen that variation in the pro les caused by estimation variation in the end-mixture spectrum do not in uence the shape of the pro le, only the intensity.
Since the alcohol spectrum is obtained from laboratory measurem ents it is not possible to do a variation analysis based on the sampled process spectra. Therefore, a shape robustness test is performed. The in uence of the change of shape of the spectrum on the time-resolved pro les is studied. This test is performed by adding peaks and by changing the shapes of peaks in a realistic way, thereby modifying the shape of the alcohol spectrum. A total of ten alcohol spectra are constructed. The modi ed secondderivative spectra used for m odeling are given in Fig. 4c . The m ain shape changes are m ade in the range of 1450 to 1550 nm, which represents the (sm all) OH contribution in the spectrum (Fig. 1) . The time pro les of all compounds found for the various modi ed alcohol spectra in the grey model are given in Fig. 4d . Slightly m odifying the alcohol spectrum gives a variation in intensity of all pro les but not in the shape. Since the alcohol pro le is similar for the different spectral disturbances, this suggests that the alcohol pro le is mostly dominated by the large contribution in the range of 1560 to 1650 nm.
It can be concluded that m easurement variation present in the spectra does in uence the intensity of the resolved time pro les but the general shape of the pro les is consistent.
Modeling Multiple Batch Runs. The grey model can also be used to model m ultiple batch runs at the same time. This is done in the same manner as suggested by Tauler et al. 14 The 18 batch runs are stacked on top of each other with the selected spectral mode J as a com mon factor for all batch runs. This results in a new matrix X total (I total 3 J ) where I total 5 S I n and I n is the number 18 n5 1 of measured spectra corresponding to batch run n. The matrix X total is modeled according to: and non-negativity constraints on C total . 24 The m atrix C total is rearranged into C(I n 3 R) for each batch run n. In this manner the differences and equalities of the batch runs become apparent. By specifying the m odel as above, equal concentration pro les are found as with the m odeling of a single batch run. Estimating the Unknown Alcohol Spectrum . The grey model of Eq. 8 can also be used to estimate unknown compound spectra. This is interesting since the alcohol spectrum under process conditions is unknown. Obtaining a good estimate of the alcohol spectrum with the grey model is not straightforward since the concentration of alcohol present in the reactor is relatively low compared to di-isocyanate and the product mixture. The low alcohol concentration makes it dif cult to estimate a reliable spectrum using the grey m odel, which is the reason why a laboratory-measured alcohol spectrum was used in the grey model. Still it is interesting to study the possibility of estimating the alcohol spectrum with the grey model in Eq. 8. This is done for two reasons. First, to see whether the proposed grey model has curve resolution capabilities for a component at low concentration. Second, it is an extra check on the validity of imposing a laboratoryscale spectrum on the model parameters.
The model is applied to X total with non-negativity constraints on C and two colum ns of B restricted. The rst colum n of B is restricted to equal the di-isocyanate spectrum and the third column of B is restricted to equal the end-mixture spectrum. The second column of B corresponds to the alcohol spectrum, which will be estimated by the m odel.
The alcohol spectrum obtained with curve resolution and the m easured alcohol spectrum are given in Fig. 5 . From the sensitivity analysis it is known that the measured alcohol pro le is dominated by a peak in the range of 1560 -1650 nm. Figure 5 shows that the dominant range of the spectrum is slightly shifted compared to the measured alcohol spectrum. Furthermore, spectral differences are observed in the range of 1480 -1540 nm: this range has a large contribution of NH. Other spectral differences are observed in the range of 1840 -1930 nm and this range corresponds to NCO. Since the spectral differences are mainly observed in the temperature-sensitive ranges, it suggests that the shift and differences are caused by the temperature gradient present in the system. The obtained concentration pro les, however, are reasonable, which was shown in the robustness analysis.
Q ualitative M onitoring Performance. In the follow- ing we discuss how the grey model of Eq. 8 perform s in detecting and studying the batch-to-batch consistency. A grey model is constructed on X total with the laboratoryscale spectrum of the alcohol imposed because this would resemble the case in practice when scale invariant constraints are imposed. The relative concentration pro les (C ) found by the grey model are compared with the techniques as discussed in the Theory section. The comparison focuses on two issues: rst, the performance of detecting an inconsistent batch is compared, and secondly, the diagnostic possibilities of the techniques used are discussed. For illustration, three batch runs are selected to show the performance of the different techniques. The rst batch, Batch 1, is a normal batch run obtained under normal operation conditions. For the second batch, Batch 2, it is known from prior DCS data that a manual intervention occurred in the dosing system of the alcohol. The third batch, Batch 3, has a large spike in the spectral response, which was caused by an instrumental error (cooling failure).
The rst technique is wavelength tracking. Three wavelengths are selected to monitor the three batches. The di-isocyanate is monitored at a wavelength of 1920 nm, the alcohol at 1428 nm, and the product at 1498 nm. The results of wavelength tracking are given in Fig. 6 . The top graph represents the di-isocyanate, the m iddle graph represents the alcohol, and the bottom graph represents the product. The pro les of Batch 1 give the trend that the pro les of Batch 2 and Batch 3 should follow. Batch 2, which has a manual intervention in the dosing of the alcohol, starts to show a distinct pro le from Batch 1 at time 5 37 in the middle graph. A similar conclusion can be drawn for the bottom graph, although not as clearly as for the m iddle graph. This is different for Batch 3, where a clear disturbance is observed in the product prole at time 5 79. The graphs in Fig. 6 present a general trend of the process. It m ight be expected that prior to the start of the reaction a contribution of the di-isocyanate is present, since this is the only compound present in the system. From Fig. 6 , it is clear that this is not the case. This is due to the nature of the used spectroscopy. There is not a selective region for the di-isocyanate, alcohol, or the product. M oreover, intuitively wrong signals are observed for the product. The signal is decreasing after the start of reaction where an increasing signal is expected. Furthermore, the tracking signal is not very stable since it is hard to nd a selective region in the NIR spectra. Moreover, the compounds monitored are sensitive to temperature changes, which can also affect the tracking signal.
The second technique is the Change chart. The three batches are given in Fig. 7 . In Fig. 7 it can be seen that there is no clear distinction between the three batches except for Batch 3, where the m agnitude of the upset in the spectral response is large. The change around time 5 37 goes unnoticed in this graph. This implies that the Change chart is only suited for monitoring if large disturbances occur. Furthermore, this chart has a lack of generating pure chemical compound information during process monitoring.
The third technique is the Range chart. The results are given in Fig. 8 . Due to the nature of the technique, emphasis is placed on differences between spectra. From Fig. 8 it becomes clear that Batch 2 starts to show a small distinction in the tracking signal compared to Batch 1 and Batch 3 around time 5 19. In case of doubt, it is clear that Batch 2 is deviating from Batch 1 and Batch 3 at time 5 37. With respect to Batch 3, it is easy to see that the batch behaves similarly to Batch 1 until the upset around time 5 79. Although this chart performs well for detecting deviations, it has, similar to the Change chart, a lack of generating pure chemical compound inform ation, i.e., from this chart it is not clear what the cause of deviation in Batch 2 is.
Technique four is the black-box model. A three-component model is built to model the process. The PCA scores are monitored as a function of time and given in Fig. 9 . With respect to Batch 2, in the bottom graph of Fig. 9 there is a clear deviation in the score pro le com-pared to Batch 1 and Batch 3. The deviation starts around time 5 18, representing the manual intervention during the batch run. For Batch 3, the manual intervention at time 5 79 is well obser ved in the top graph of Fig. 9 . Furthermore, sm all deviations are observed in the m iddle and bottom graph at time 5 79. The process can be well monitored using the model scores. However, the scores are a linear combination of the m odel loadings P. This means that it is not possible to make a distinction between the score pro les and assign the score pro les to a speci c chemical compound. Hence, diagnostics are again severely hampered.
The last technique used is the grey model. The results for the grey m odel are given in Fig. 10 . The top graph in Fig. 10 represents the behavior of the di-isocyanate. The m iddle graph represents the alcohol behavior and the product formation is given in the bottom graph.
From Fig. 10 , monitoring Batch 2, it is shown that the dosing of the alcohol is different compared to Batch 1 and Batch 3. In the m iddle graph, the alcohol pro le shows an excess of alcohol combined with a slower formation of the product. This implies that the reaction is performing more slowly compared to Batch 1 and Batch 3. Since the reaction did not proceed as quickly, a manual intervention took place and the alcohol ow was shut down. Around time 5 28, the process seems to speed up, which is re ected in the form ation of the product and the di-isocyanate pro le (time 5 32). At time 5 38 all alcohol has reacted and the process stagnates. The remainder of the alcohol is added at time 5 46 and the process continues until all di-isocyanate has reacted. With respect to Batch 3, it is shown that the batch is operated similarly to Batch 1 until an upset occurs at time 5 79. M oreover, it is shown that the observed upset has no in uence on the product concentration (time . 80), implying that the process is operated according to speci cations.
The qualitative perform ance of the ve techniques studied is summarized in Table I . Considering the criteria of Table I , the Change chart is not recommended for monitoring and detecting an inconsistent batch. The Change chart is found to have poor perform ance in detection and bad perform ance in diagnosis. Table I shows that it is possible to detect a process upset using wavelength tracking. Furtherm ore, the simplicity of the approach could be seen as an advantage. In this study, wavelength tracking is not recommended for use since there is not a clear selective region for the individual compounds. Moreover, temperature effects have an in uence on the tracking signal. The Range chart, PCA, and the grey model are found to be excellent in detection and are suited for monitoring and detecting inconsistent batches. However, the Range chart and PCA do not perform well for fault diagnosis. The grey m odel gets an excellent m ark for diagnosis. The advantage of the grey model of being able to have a direct physical-chemical interpretation of the process makes it favorable to use the grey m odel for detection and diagnosis of batch-to-batch consistency. A disadvantage of the grey model could be the complexity of the model.
CONCLUSION
A detailed description is given of how a grey model is constructed to model an industrial process for which NIR spectroscopic measurements are available. The stability of the obtained pro les are studied by a robustness analysis where it is shown that the obtained results are stable. Furthermore, it is shown how the grey model can be used for extracting unknown compound spectra. The grey model is then compared with four different techniques (wavelength tracking, Range chart, Change chart, and PCA) for monitoring the batch-to-batch consistency using NIR spectroscopy in a case study. The grey m odel gives a clear and direct insight in to physical chemical phenomena of the process, which is an advantage compared to other techniques. Therefore, the grey model is recommended to monitor and study batch-to-batch consistency.
The next step in subsequent research is a more quantitative comparison of the 18 batches with the focus on statistical limits useful for process m onitoring.
ACK NOW LEDGM ENTS
This work is supported by the Council for Chemical Sciences of the Netherlands Organisation for Scienti c Research (NWO-CW ) withnancial aid from the Netherlands Technology Foundation (STW).
APPENDIX
Is the model CB T unique if the columns of matrix B are fully constrained to equal the pure compound spectral pro les? That is, is it possible to nd a non-singular matrix Q, other than a scaling matrix, such that:
with the restriction that the spectral pro les in B T are equal to the spectral pro les in B T . Thus, B 5 BQ T 5 BL, where the spectral pro les are preserved only if L is a diagonal matrix. Since B is full colum n rank, premultiplying with B 1 (the Moore-Penrose) gives B 1 BQ 5 B 1 BL, with B 1 B 5 I. 25 Hence Q T 5 L, and only scaling differences are allowed.
